Abstract The aim of this paper is to solve the local pumping and recharging source identification problem by introducing a statistical technique, independent component analysis (ICA), into groundwater modelling. Such a problem suffers from limited observations in the field and is ill-posed. With the help of ICA, the observed head at monitoring wells is decomposed into a linear combination of head fluctuations caused by each source. The ill-posed problem is transferred into several independent well-posed ones. Moreover, the decomposed hourly head fluctuation, specially referred to as 'characteristic pattern', provides novel information on the type and distance of local sources. A hypothetical case to identify two local sources using two observation wells is presented, and the results show the accuracy and efficiency of the proposed method. The identified results are stable as long as the observation error is within a reasonable range. The characteristic pattern provides novel information, which can be widely used for source identification in the future.
INTRODUCTION
In the early days, water resources development focused on surface water, which constituted the majority of freshwater resources to meet basic human needs (Koutsoyiannis 2011) . But with global population increases in recent years, water demand is also rising, and this coupled with climate change makes the surface water supply more unstable (Groisman et al. 2005) . More countries are developing groundwater resources as supplementary solutions to water deficiency (Chiu et al. 2009 , Safavi et al. 2010 . Groundwater, which can easily be exploited by wells, has become a more convenient water supply source in the past few decades.
Around the world, groundwater is widely extracted (Llamas 2004 , Don et al. 2005 , Lee et al. 2005 , Galloway and Burbey 2011 . Before people became fully aware that pumping capacity had exceeded the recharge rate, land subsidence, saltwater intrusion and structure destruction had occurred, resulting in a considerable loss to society (Teatini et al. 2006, Galloway and Burbey 2011) . Such substantial environmental impacts indicate that the exploitation of groundwater may not be more economical than investment in large surface water engineering projects (Koutsoyiannis 2011) . Governments are quickly starting to manage the groundwater resource (Chou and Ting 2007 , Calderhead et al. 2012 , Nelson 2012 .
The first step of groundwater resource management is to understand the entire groundwater system, and compile and analyse the system characteristics, including stratigraphic composition of lithology, aquifer stratification, hydrogeology, hydrological inflow and loss, groundwater level and water quality. Among these, lithology and stratification can be generally investigated by geological drilling and lithology analysis; hydrogeological parameters can be evaluated by in-situ pumping tests with given conditions (Sun 2005 , Liu et al. 2009 ); groundwater level and water quality can be continuously monitored through a network of monitoring wells; and large-scale hydrological inflow and loss can be appropriately assessed through the water balance method. Currently, the most difficult variables to grasp and clarify are the time and space distribution of inflow and loss. In other words, local pumping and recharging source identification and quantity estimation remain a challenge for groundwater resource management (Porter et al. 2000 , Rao 2006 , Peng et al. 2010 .
Local sources are difficult to identify because of limited information. The pumping and recharging at local sources can be viewed as a stimulation or perturbation to the groundwater system. In response, the groundwater level and water quality change. Such a change is the only data that can be observed and collected in the field through monitoring wells. The pumping and recharging is latent, meaning that they cannot be directly observed, and can only be estimated through indirect information. Based on groundwater level and water quality observations, as well as the correct understanding of the system, it should be possible to trace back the pumping and recharging sources.
Besides the limited information, another problem is that every observation is a mixed result of multiple sources rather than a single stimulation. In fact we cannot restrict it so that there is only one local source in the field. If there is only one source, the source location and its quantity can be easily estimated. This is because the number of observations will be far more than the number of unknowns. Unfortunately, the groundwater change due to individual sources cannot be known. Consequently, source identification in the past can only give a rough sketch of large-scale hydrology (Wittenberg and Sivapalan 1999 , Ruud et al. 2004 , Wang et al. 2005 , Misstear et al. 2009 ), or can evaluate a few suspicious sources and related pumping or recharging rates using a large number of observed data in time and space (Aral et al. 2001 , Tung and Chou 2004 , Mahinthakumar and Sayeed 2005 , Saffi and Cheddadi 2007 , Ayvaz and Karahan 2008 , Lin and Yeh 2008 , Cheng et al. 2009 , Saffi and Cheddadi 2010 .
In reality, each pumping or recharging source has its own characteristic which makes them easy to distinguish from each other. The fundamental problem lies in that all observation data are blended, simultaneously influenced by two or more sources. It is difficult to use such data to infer the impact of any one individual source. The number of unknowns exceeds that of the observations, which makes the source identification problem ill-posed. Therefore, the basic concept of this research is to restore the observation first. The mixed signals should be returned to the original signals, that is, use signal processing techniques to achieve a situation of many monitoring wells simultaneously monitoring one signal local source. Then we can have more observations than unknowns and the ill-posed source identification problem can become a well-posed one. Such a situation is not possible to meet in the field. Unknown pumping and recharging sources are simplified into one, but the observation wells can be many, making source identification more likely to be correctly solved.
Based on this concept, we introduce a statistical technique, known as independent component analysis (ICA) (Jutten and Herault 1991) , to analyse the groundwater head observations to extract the characteristics of sources. ICA has been applied in the signal processing area for years and achieved success in source separation and feature extraction (Hyvärinen and Oja 2000) . ICA utilizes statistical theory and signal analysis techniques to decompose the observed mixed signals into independent components. In this paper, ICA is first applied to groundwater modelling combining with the groundwater simulation and optimization model to solve the local pumping and recharging source identification and quantity estimation problem. This new source identification procedure is tested in a designed virtual case to verify the correctness and feasibility of this method. Novel information on local pumping and recharging sources is also discovered through the case study, which can be widely used for source identification in the future. Hung-Jen Liu and Nien-Sheng Hsu
The methodology of local pumping and recharging source identification and quantity estimation is illustrated as a flow chart in Fig. 1 . The first step is to collect observed groundwater head data; this is decomposed by independent component analysis (ICA) to obtain the groundwater head fluctuations caused by each local source. Each fluctuation is a special pattern, which we named the 'characteristic pattern'. Each characteristic pattern contains the characteristics of each source and provides novel information for source identification. Every single characteristic pattern is put into the groundwater simulation and optimization model to best estimate one local source location and quantity. Repeat the simulation and optimization process by inputting different characteristic patterns, so that in the end, every local pumping and recharging source is identified. Details of the applied tools and each analysis step are described in order as follows.
Groundwater head observation data
Groundwater head observations are obtained from monitoring wells located at adequate spatial coordinates. The monitoring time frequency could be hourly, daily, monthly or yearly, depending on the monitoring purpose. For a water budget of a largescale groundwater system, yearly observations can work well. For contaminant site remediation, monthly observations may be sufficient to describe the movement of the plume. For rainfall infiltration analysis, daily head observations are preferred to evaluate the infiltration rate during and after a rainfall event. For local pumping and recharge source identification and quantity estimation, hourly groundwater head observation data are most suitable. A local source affects the groundwater system in finite space and time, and the only information about this comes from head observations. Therefore, one should collect as much observation data as possible in order to offer maximum information on source identification. This is one reason why hourly groundwater head data are required. Another more important reason is that the characteristic patterns of different sources are hidden not in a daily, but in an hourly time scale. This important phenomenon will be further described in the case study section.
Independent component analysis (ICA)
Independent component analysis is a recently developed signal processing method (Jutten and Herault 1991) . The goal of ICA is to find a linear representation of non-Gaussian data so that the components are statistically independent. Applications of ICA can be found in many different areas such as feature extraction, signal separation, image processing, telecommunications, and econometrics (Hyvärinen and Oja 2000) . In this paper, we introduce ICA into groundwater modelling to separate the observed data and to extract the features of local sources. The basic concept and algorithm are briefly described below; detailed mathematics and numerical treatments are provided in the valuable works of Oja (1997, 2000) , and Hyvärinen (1998 Hyvärinen ( , 1999a Hyvärinen ( , 1999b .
The basic concept of ICA is that any observed signal could be a linear combination of one or several original signals, thus, the original signals can be evaluated through decomposing the observed signal. The ICA algorithm is to find a set of components, which are statistically independent of each other and provide the maximum information. In other words, ICA is a statistical tool to find the hidden original information in the observed mixed signals as separate components.
The solution of a blind source separation problem known as the 'cocktail party problem' is a classical problem to demonstrate the concept and algorithm of ICA. In a cocktail party, assume there are n people speaking simultaneously; meanwhile, n sound recorders are located at different locations; and n time signals are obtained, denoted by x 1 (t), x 2 (t), …, x n (t), with amplitudes x 1 , x 2 , …, x n and time index t. Each of the recorded signals is a weighted sum of the n original voice signals, represented by s 1 (t), s 2 (t), …, s n (t). The mixed process is linear and can be expressed as follows:
x 1 ðtÞ ¼ a 11 s 1 ðtÞ þ a 12 s 2 ðtÞ þ ::: þ a 1n s n ðtÞ x 2 ðtÞ ¼ a 21 s 1 ðtÞ þ a 22 s 2 ðtÞ þ ::: þ a 2n s n ðtÞ . . .
x n ðtÞ ¼ a n1 s 1 ðtÞ þ a n2 s 2 ðtÞ þ ::: þ a nn s n ðtÞ
( 1) where a ij is the mixing or weighting coefficient of s j to x i . The magnitude of mixing coefficient depends on the distance and angle between speakers and recorders. For further mathematical operation, equation (1) is rewritten in a matrix form as:
It is assumed that components s j are statistically independent, and independent components must have non-Gaussian distributions. The objective of ICA is to find S given X. In other words, ICA seeks a de-mixing matrix W, i.e. the inverse of mixing matrix A, to return the observed signal X back to the original signal S:
Since the independent components must be non-Gaussian (at most, one is Gaussian) for ICA, the solution of the cocktail party problem is to find a W that maximizes the non-Gaussian property of S. Several ICA estimation methods have been presented, including maximization of kurtosis, or negentropy; minimization of mutual information; and maximum likelihood estimation. A commonly-used method is maximization of kurtosis. Kurtosis is a measurement of non-Gaussianity, defined as the fourth-order moment (E{s 4 }) minus three times the square of the second-order moment (E{s 2 }), given by:
If the kurtosis is zero, the probability distribution of the independent component is Gaussian. In contrast, the independent component becomes more non-Gaussian with higher kurtosis values. Therefore, kurtosis is set as the objective function of ICA and is maximized by optimization algorithms, such as gradient descent method, Newton method or quasi-Newton method. During the optimization, the de-mixing matrix is updated continuously to reach the best estimation of independent components. In this paper, the ICA is executed automatically by commercial signal analysis software, Visual Signal (AnCAD Inc. 2011).
Characteristic pattern of head fluctuation due to individual source
For groundwater modelling applications, the mixed signals are groundwater head data recorded at monitoring wells. The original signals are the groundwater head fluctuations at local pumping and recharging sources. The goal of this study is to estimate the source location and its related quantity with the help of ICA. The basic concept is slightly different from that of ICA. We do not seek the original signals s j ; what is really important is a ij × s j , i.e. groundwater head fluctuation at well i caused by a single source j. To investigate this idea more deeply, the head fluctuation is caused by many pumping and recharging sources, so the only way to identify every single source is to individually separate the influence of source j on well i. ICA helps to achieve this, especially when there is more than one well monitoring each source. The source identification problem then becomes well-posed. That is to say, the number of observations is larger than the number of unknowns. Most importantly, groundwater head fluctuations caused by each local source form a special pattern, the characteristic pattern, which can reveal the characteristics of each local pumping and recharging source. But the head fluctuation is only a measure of water level, and what really concerns us is the source location and the amount of groundwater pumped out or recharged in. The answers rely on groundwater numerical modelling.
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Groundwater simulation and optimization model
For this paper, the two-dimensional (2D) horizontal groundwater flow in an isotropic and heterogenous confined aquifer is taken into consideration. The unknown location of sources and the related quantity are to be optimized. The governing equation, initial condition and boundary condition of the simulation model take the following form:
where h(x,y,t) is the piezometric head [L] with x, y, t as the space and time coordinates; S is the storage
, which is positive for recharging and negative for pumping; f 0 is the initial head; f 1 , f 2 are boundary conditions at Γ 1 and Γ 2 , respectively; and n is the unit normal vector of Γ 2 .
For the optimization model, the main goal is to minimize the difference between model simulation and field observation. In the traditional groundwater source identification problem, the summation of square error between simulation head and observation head is chosen as the objective function:
where h is the piezometric head solved from the simulation model; h obs is the observation head obtained from monitoring wells; N m is the number of monitoring wells; and N t is the number of discretized observation times. In this paper, the observation head is pre-processed by ICA to extract the groundwater head fluctuation at monitoring wells, i.e. the characteristic pattern caused by each local source. The objective function thus becomes:
where h i is the piezometric head solved from the simulation model with only one ith source; and h i,ICA is the characteristic pattern, caused by the ith source, obtained from ICA. From equation (6) to equation (7), a big improvement is realized. The original lumped objective function E that is influenced by all unknown sources is separated into several independent components, E i that are each influenced by a single source. Therefore, each local source can be identified separately by putting its related characteristic pattern into the optimization model.
The role of the optimization model is to minimize the objective function in order to best estimate the unknown variables, i.e. source location (x i ,y i ), as well as pumping and recharging time series Q(x i ,y i ,t) in equation (5). Without ICA, such an optimization model could fail even when there is only one unknown source and one observation well. Because of an equivalent effect between the location and the amount of the source, a specific decrease in the value of groundwater head at an observation well could have resulted from a low pumping rate at a close pumping well or from a high pumping rate at a distant pumping well. With ICA, this problem is overcome by having more than one observation well to monitor one source. For example, the influence of one source on two or more observation wells can be separately extracted by ICA. The amount and the position of the source have to fit all these observations; thus, the equivalent effect no longer spoils the optimization. Since the problem has been simplified enormously with the help of ICA, it can now be easily solved by utilizing a line search method, together with the steepest descent method. The optimization procedure is described briefly as follows:
First, an initial guess of all unknowns is given. The simulation model with the given source is run to obtain the groundwater head distribution. Secondly, the difference between simulation head and characteristic pattern at monitoring wells is calculated as an objective function. If the guess is very near the truth, the objective function should be very small. If not, the source location and quantity have to be updated towards the true solution. The update begins with the source location by the line search method, that is, the well keeps moving in the horizontal plane along x, y directions until it reaches the minimum solution. Then, the quantity of pumping or recharging is updated by the steepest descent method. The gradient of objective function with respect to all unknown quantities is calculated by the perturbation method.
One at a time, each hourly pumping or recharging quantity is perturbed by 10% to calculate its gradient. Along the descent direction, a new guess of quantity, which reduces most of the error between characteristic pattern and simulation, can be obtained. This two-step optimization process is repeated until the objective function cannot be further improved. Eventually, one local pumping and recharging source location and its quantity are best estimated.
Next, another set of characteristic patterns induced by another local source is put into the objective function. The optimization procedure is repeated again to identify another source. By inputting an independent set of characteristic patterns into the optimization model one at a time, all the unknown sources can be identified individually correctly and efficiently. The groundwater simulation and optimization model are discretized by a finite difference method and executed automatically by a FORTRAN program.
CASE STUDY
A hypothetical example of 2D horizontal groundwater flow in a confined aquifer is designed to demonstrate the difficulty in local source identification and the feasibility of the proposed method in solving this problem. A plain view of the synthetic confined aquifer is illustrated in Fig. 2 . The aquifer is of square size 200 m × 200 m, while the thickness is 95 m. The space domain is discretized into 2500 grids. The discretized grid size is each 4 m × 4 m in size, and the discretized time step is 1 h. The transmissivity is set using ordinary kriging fitted by an exponential model with mean value 190 m 2 /h, standard deviation 20, and correlation length 100 m; the storage coefficient is 0.0005 throughout the aquifer. The boundary condition on every side is constant head 10 m. The initial head is also 10 m everywhere.
Two pumping and recharging wells, denoted by S1 and S2, are located near the middle of the site with the spatial coordinates (112 m, 112 m) and (108 m, 92m), respectively. The pumping and recharging rate is time variant, as shown in Fig. 3 . For S1, the recharging starts at 01:00 h, ends at 06:00 h, restarts at 19:00 h and ends again at 24:00 h, with a Fig. 2 Plain view of the confined aquifer and locations of local sources and observation wells. Hung-Jen Liu and Nien-Sheng Hsu constant rate of +100 m 3 /h. The pumping starts at 07:00 h and ends at 18:00 h, with a constant rate of -100 m 3 /h. For S2, the recharging starts at 01:00 h and ends at 12:00 h, with a constant rate of +100 m 3 /h. The pumping starts at 13:00 h and ends at 24:00 h, with a constant rate of -100 m 3 /h. Two monitoring wells, denoted by X1 and X2, are located near the local source, with the spatial coordinates (116 m, 100 m) and (84 m, 100 m), respectively. The observation data are illustrated in Fig. 4 . The head at monitoring well X1 varies from 10.37 to 9.63 m, while the head at monitoring well X2 varies from 10.23 to 9.77 m. The head fluctuation is higher at X1 because it is located near two local sources. Besides, the observed head fluctuation can be divided into four time periods: 1-6, 7-12, 13-18, and 19-24 h. During each time period, the groundwater head has its special pattern related to its pumping and recharging characteristics. But the observation data give a mixed signal, which is simultaneously influenced by two local sources. Through only the observed time series, it is hard to evaluate the extent to which one source has affected one observation. This is why the local source identification problem is hard to solve with limited observations. In the traditional source identification process, the source location and quantity are assumed to be unknown and only the simulation and optimization model without ICA is used to estimate local sources, i.e. 48 observations are used to estimate 52 unknowns (four for source location and 48 for the pumping and recharging time series). As a natural consequence of such an ill-posed problem, the estimation results diverge seriously. This is why we employ ICA in this paper to extract beforehand the characteristic pattern from the groundwater head observation data.
For ICA, the observation head at monitoring well X1 and X2 is the mixed signal X, while the head at local sources S1 and S2 is the original signal S, which is to be evaluated together with mixing matrix A. Each element in the AS matrix represents an independent head fluctuation caused by one single source, i.e. a ij × s j is the groundwater head fluctuation at monitoring well i caused by local source j. The head fluctuation at monitoring well X1 and X2 caused by local source S1 is shown in Fig. 5 , and the corresponding head fluctuation caused by local source S2 in Fig. 6 . It can be seen from Fig. 5 that the head fluctuation is the same as the pumping and recharging pattern of S1 shown in Fig. 3 . In the same way the head fluctuation shown in Fig. 6 is the same as pumping and recharging pattern of S2. This explains why we referred to the groundwater head fluctuation extracted by ICA as the characteristic pattern. The most important characteristics are type and distance, where type means the type of pumping or recharging behaviour in one day, and pumpage for Novel information for source identification in a groundwater systemeach different usage has a different type. For example, domestic water usage is highest just before and after working hours. In contrast, agricultural water usage is highest during working hours. The characteristic pattern has exactly the same type of water usage. In addition to the type of local source, the characteristic pattern also reveals the distance between source and observation. Take Fig. 6 , for example: the magnitude of head fluctuation at X1 is always larger than that at X2. This clearly indicates that local source S2 is located near monitoring well X1 and far from X2. In summary, the shape of the characteristic pattern displays the pumping and recharging type of the local source; meanwhile, the amplitude of the characteristic pattern presents the distance between source and observation. These are the reasons that we claim that characteristic patterns extracted by ICA provide novel information on local pumping and recharging source identification and quantity estimation of a groundwater system.
Moreover, the ill-posed problem is solved automatically after applying ICA. The original 48 counts of observation data, i.e. hourly observation data within 24 h from two observation wells, are separated independently into 96 observations. Of these, 48 observations relate to only one single local source S1, while the other 48 observations relate only to the other local source S2. The groundwater head fluctuation at monitoring wells X1 and X2 caused by local source S1 is chosen as observations to estimate local source S1; the groundwater head fluctuation at monitoring wells X1 and X2 caused by local source S2 is chosen as observations to estimate local source S2. Both single source identification problems are wellposed problems, since 48 observations are used to estimate 26 unknowns (two for source location and 24 for the pumping and recharging time series). ICA creates an ideal situation that only one source is pumping or recharging while all the monitoring wells are observing. Such an ideal situation is hard to meet in the field, but now is easily created by ICA. The numerous local sources could be properly identified one by one under sufficient observations.
Sensitivity analysis
Before applying the new observation data extracted from ICA in source identification, sensitivity analysis is carried out to assess if the new observation data are sensitive to the unknowns. The difference in objective function calculated with different guesses of unknowns should be significant enough to distinguish one suspected source from another. The sensitivity of observation with respect to unknown source location and quantity is calculated by the perturbation method. In practice, the sensitivity is equal to the objective function with the value of one chosen unknown increasing by one unit. For example, the true x coordinate of local source S1 is 112 m; the perturbed x coordinate can be 116 m (=112 m + discretized grid size); the sensitivity or objective function with the perturbed x coordinate is 1.29 × 10 −3 m 2 /m. Similarly, the true recharging quantity at 04:00 h of the local source S1 is +100 m 3 ; the perturbed recharging quantity can be +101 m 3 ; the sensitivity calculated is 2.15 × 10 −6 m 2 /m 3 , and so on. All the sensitivities of unknown source location and quantity at different times are listed in Table 1 . Since all the sensitivities are greater than zero, it can be concluded that each observation setting is sensitive to the location and the quantity of local sources S1 and S2. Furthermore, the observation is more sensitive to the location than to the quantity. This may suggest that the source location is easier to identify than the pumping or recharging quantity. The sensitivity analysis of local source S2 is similar to that of S1. In other words, the new observation data extracted from ICA are capable of source identification.
Here, we want to emphasize again the view, mentioned in Section 2.1, that the hourly groundwater head observations contain the most valuable information about characteristic pattern. This can be found in Fig. 4 : if we take daily head as the observation, it is a constant head of 10 m. So, daily head contains no information about local source identification in the case study. This is a common situation, Table 1 Sensitivities of unknown source location and quantity of local source S1 and S2.
Unknown Sensitivity S1 S2 which one may encounter in the field. Because local source affects the groundwater system in finite space and time, any observation with a long time scale would smooth the information and detail of a short time scale. This is why hourly head observation is required and the results shown in Figs 5 and 6 clarify this viewpoint. The next step is to put the characteristic pattern into the groundwater simulation and optimization model as the new observation data to best estimate one local source location and quantity at a time.
Source identification
First, the groundwater head fluctuation at monitoring wells X1 and X2 caused by local source S1 is chosen as the observation and is put into the simulation and optimization model to identify the local source S1. That is, the characteristic pattern is given as new observation data at monitoring wells X1 and X2, and the groundwater simulation and optimization model is utilized to simulate the head variation and to optimize the source location and pumping or recharging rate. The optimization model quickly finds the exact solution in only 136 search times. Location, as well as the pumping and recharging time series of local source S1, are correctly identified as the real ones. Secondly, the characteristic pattern of S2, as illustrated in Fig. 6 , is used to identify local source S2. Again, the proposed source identification process combining ICA and optimization model follows a rational line, and is successful in the identification of S2 in 112 search times. This case study shows the correctness and efficiency of the proposed source identification process.
The results indicate that the ill-posed source identification problem is converted into several independent well-posed ones by adding novel information, called a characteristic pattern, obtained from ICA. The groundwater head fluctuation at monitoring wells induced by many local sources is a mixed signal. With the help of ICA, the fluctuation is separated into several small components. Each component represents the fluctuation caused by a single source. In other words, one local source is monitored by more than one monitoring well. If there are two monitoring wells, two local pumping or recharging sources can be identified; if there are three monitoring wells, three local pumping or recharging sources can be identified, and so on. As a result, the maximum number of local sources that can be identified is the same as the number of monitoring wells, as long as all the sources have a different characteristic pattern. This condition is easy to satisfy in reality, since it is very hard to find two sources with exactly the same characteristic pattern.
Robust analysis
In real situations, some observation error may be embedded in observation data. The error can come from measuring instruments, human operation, or just random process. The success of the proposed methodology depends on whether ICA can independently and correctly identify the characteristic pattern of each source. From original observation data, ICA should be able to separate the groundwater head fluctuation caused by any single source. Robust analysis is required to test if ICA will work within an acceptable range of observation error. Three different magnitudes of random observation error, 0.1, 0.01 and 0.001 m, are added into the observation data to form three sets of observations, as shown in Fig. 7 . The observation data with random error of 0.001 m are very close to the field situation, since most groundwater level meters are of centimetre or even millimetre precision. For the observation data with a random error of 0.1 m, the error is so large that this observation set cannot offer meaningful information on source identification.
After the source identification process, three observation sets are first separated by ICA to obtain the groundwater head fluctuation, i.e. characteristic pattern, at monitoring wells caused by local sources S1 and S2, as illustrated in Figs 8 and 9, respectively. It can be seen from both Figs 8 Fig. 7 Observation data with different magnitude of random observation error.
Novel information for source identification in a groundwater systemand 9 that the characteristic pattern is clearly identified with an observation error of 0.001 m. As the error increases, the extracted result gets worse. The characteristic pattern extracted from observation with random error of 0.01 m can still display the pumping and recharging trend of the local source, but the detail is a little disturbed. When the observation error reaches a magnitude of 0.1 m, the extracted pattern has nothing in common with the character of the local source and is almost the same as observation. These phenomena indicate that ICA has the ability to recognize the character of a local source under a reasonable range of observation error. Nevertheless, ICA still has its limitations: it does not work when no information can be extracted from the original signals. That is the situation encountered in the case of 0.1 m observation error. The results of source identification also support the findings.
Three different sets of characteristic pattern are used for source identification to estimate the source location and quantity. The two with a small observation error are able to identify the source location, i.e. (116 m, 100 m) and (84 m, 100 m), while the one with a large observation error fails to locate the source, as expected. The identified pumping and recharging time series of local sources S1 and S2, with a different magnitude of random observation error, are plotted in Figs 10 and 11, respectively. Through the proposed source identification process, not only the location but also the quantity of two local sources is correctly identified as long as the observation error is of reasonable magnitude. As illustrated in Figs 10 and 11, observation with an error of 0.001 m is acceptable. The identified quantity is almost the same as the true one, with a difference of 4 m 3 /h at most. Even when the observation error becomes as large as 0.01 m, the identification process still can catch the basic trends of pumping and recharging. Besides, the difference between the true solution and the identified one converges in a small range within 40 m 3 /h. The results show the robustness and practicability of the proposed source identification process. Importing ICA into the groundwater simulation and optimization model stabilizes the source identification problem and also brings out novel information on local sources. Thus the proposed methodology enables further research on source identification.
CONCLUSIONS
In this paper, a series of research papers concerning source identification, as well as pumping or recharging rate estimation have been reviewed. This indicates that local sources are difficult to identify because of limited information. The groundwater head observation obtained at monitoring wells is the most informative data, but all the observations are mixed signals and indirect measures of local source. Lack of sufficient information limited the development of source identification.
The statistical technique, independent component analysis, is introduced to evaluate the head fluctuation at every monitoring well caused by a single local source. That is, through ICA, we create a situation that only one well is pumping or recharging, while all monitoring wells are observing. Such a situation can never happen in the field. But, through the ability of source separation and feature extraction in ICA, such a situation can be realized. The number of observations does not increase, but the information about unknown sources increases. Therefore, the ill-posed source identification problem is now converted into several independent well-posed ones and is easy to solve.
Moreover, the decomposed head fluctuation at a monitoring well caused by a local source contains meaningful information and is specially named the 'characteristic pattern'. The shape of the characteristic pattern displays the pumping and recharging type of the local source; meanwhile, the amplitude of the characteristic pattern presents the distance between source and observation. Characteristic patterns extracted by ICA provide novel information on local sources. Thus, local pumping and recharging source identification and quantity estimation of groundwater can be correctly solved by combining ICA with a groundwater simulation and optimization model.
A hypothetical case clearly shows the accuracy and efficiency of the proposed source identification process.
Without ICA, the number of observations is less than that of unknowns and the solution is divergent. Through ICA, the characteristic patterns are extracted and reveal the characters of local pumping and recharging. Through adding novel information and decreasing the number of unknowns, the source identification problem can be solved correctly and efficiently. The maximum number of local sources that could be identified is extended to the number of monitoring wells, as long as the characteristic pattern of any two of the local sources is not the same. This is a basic restriction of ICA, but it may not cause any problem in its application to groundwater modelling, since the pumping behaviour of different sources varies in a local region. Moreover, the novel information can be widely used for source identification and provides a new vision for groundwater resources management. The pumping and recharging behaviour of local sources can be further discussed for an hourly time scale.
The proposed method is basically successful in the case of source identification in a confined aquifer. When applied to an unconfined aquifer, it may suffer a strong nonlinear effect of the observed head response to pumping or recharging. Besides, the head variation in an unconfined aquifer is less than that in a confined aquifer. The limitations of the proposed method can be further tested. Furthermore, in large-scale (such as groundwater basin) application, there are thousands of pumping wells together with dozens of observation wells. Thus observation may be very limited, so it is impossible to identify every single pumping well. However, with some adjustment, the method provided herein can still work in reality. The adjustment is to give up the idea of identifying one pumping well; instead, it is to identify one pumping behaviour of a specific kind of water usage, i.e. agricultural, industrial, or domestic pumpage. Such adjustment has to be further tested and more research needs to be done.
Finally, we want to stress the importance of observation frequency. The commonly used sampling frequency for a monitoring network in the field is once a day. Daily observation is therefore applied in groundwater modelling for many applications. However, daily observation does not seem to work well for local source identification. This is because the pumping and recharging of a local source is dominated by human activities. People act hour by hour not all day long, which leads to an hourly variation pattern of the local source. Consequently, hourly groundwater head observation data are most suitable and required for local source identification.
Last, but most important of all, we bring up a whole new idea about source identification: the success of unknown estimation depends on the information not the observations one can gain. In reality, the observation data are limited. The number of unknowns is often larger than that of observations, so we should try to extract as much information as possible from observations instead of trying to increase the number of observations. One may extract different kinds of information by applying different kinds of data analysis techniques. Some information, such as the characteristic pattern extracted by ICA, can be very useful in helping us to understand the real world.
